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Mechanistic–Empirical Modeling in
Network-Level Pavement Management
Scott Schram and Magdy Abdelrahman
Mechanistic–Empirical Pavement Design Guide (MEPDG)], a transition toward mechanistic design addresses these fundamental
gaps at the project level (1). However, in a survey sent to all U.S.
and Canadian highway bureaus, 91% of the responding agencies
indicated that this transition is not being made at the network level.
The use of MEPDG in the capacity of network planning is clearly
lacking (2).
The need to use mechanistic theories in the NPMS cannot be
underestimated. It is at the network level at which the estimation
of future needs, the remaining service life, and the development of
multiyear programs greatly depend on an accurate prediction of
performance. Some existing linear models have been shown to
provide an coefficient of determination (R2) value as low as 14% (2).
With the recognition of the transition of project-level modeling from
empirical to mechanistic–empirical (M-E) modeling, this research
fulfills a timely need for a similar change at the network level. The
proposed deployment of MEPDG will provide decision makers with
a rational platform on which to base decisions in the NPMS, for which
current models have failed to demonstrate accuracy for various
pavement types, conditions, and analysis periods.

Researchers and practitioners have long recognized the advantages of
mechanistic modeling. As agencies implement the Guide for Mechanistic–
Empirical Design of New and Rehabilitated Pavement Structures [referred
to as the Mechanistic–Empirical Pavement Design Guide (MEPDG)] in
the local project-level pavement management system (PMS), its potential as a planning tool in network-level analyses remains unrecognized.
A unique, large-scale application of MEPDG is presented. The Nebraska
Department of Roads uses a decision tree that systematically screens
and identifies candidates for entry into a multiyear optimization program.
The process uses linear deterioration rates that have been shown to
provide an R2 value as low as 14%. In a retroactive 5-year analysis,
86 sections were prescreened by using the existing models. Predictions
indicated that 85 of the 86 sections would have been candidates for
maintenance in the first 5 years, whereas field data suggested that only
23 should have been targeted. Calibrated MEPDG distress models
calculated with local performance indices replaced the existing linear
models. When the analysis was repeated with the mechanistic–empirical
models, 35 of the 86 sections qualified for entry into the 5-year analysis,
a 70% improvement in the accuracy of the forecasted cost. This research
fulfills a timely need for the transitioning of network-level PMS toward
mechanistic practices. Consideration of fundamental material properties, climatic conditions, and the structural response to traffic loading
provides improved accuracy in planning. Furthermore, production
variability and prediction uncertainties can be quantified and used as
an additional probabilistic decision-making parameter. Detailed results
of the implementation of MEPDG in the local network-level PMS are
presented.

RESEARCH APPROACH AND SCOPE
This research investigates the potential for a unique application
of MEPDG in the planning process. The Nebraska Department of
Roads (NDOR) serves as a model case. MEPDG distress models
are used to calculate local performance indices over time and replace
existing linear deterioration models. The impact of M-E modeling on
planning and budgeting is investigated. The scope of this research
is limited to full-depth, non-Interstate, hot-mix asphalt (HMA)
sections and addresses the modeling of only those distresses used
by NPMS. Evaluations of additional operational aspects of the
existing NDOR system are also beyond the scope of this study.
They include the evaluation of NDOR’s optimization process and
the timing and selection of rehabilitation alternatives and their
associated costs. Local calibrations of the new HMA rutting and
international roughness index (IRI) models have recently already
been completed (2). NDOR databases provided a set of calibration
data set for 330 non-Interstate projects meeting Level 3 capabilities
in the MEPDG input hierarchy.

The network-level pavement management system (NPMS) oversees
the planning, budgeting, and allocation of agency resources. The
execution of these tasks requires estimation of the future network condition, which is dominantly based on statistical modeling. Researchers
and practitioners have long recognized that mechanistic prediction
of pavement performance from measurable, fundamental engineering
properties has distinct advantages over empirical prediction. Rational
design considers the dynamic nature of materials under various
climatic conditions and traffic loadings throughout the design life.
With the introduction of the Guide for Mechanistic–Empirical Design
of New and Rehabilitated Pavement Structures [referred to as the
S. Schram, Office of Materials, Iowa Department of Transportation, 800 Lincoln Way,
Ames, IA 50010. M. Abdelrahman, Department of Civil Engineering, North Dakota
State University, Department 2470, P.O. Box 6050, Fargo, ND 58108-6050.
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BENEFITS
Completion of this research will result in the following benefits to
agencies:
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1. Rational prediction models with improved accuracy based on
fundamental properties, especially for longer analysis periods;
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2. The ability to perform more accurate needs assessments and
multiyear program development; and
3. A procedure for the calculation and calibration of local indices
from the MEPDG output.
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also states that although M-E models are not widely used in PMS
analyses, there is a strong need for their use at the network level. Findings claim that the simple models currently used in most Nordic country’s PMSs are not suitable for the prediction of performance over
long periods (8).

LITERATURE REVIEW
NEBRASKA PAVEMENT MANAGEMENT SYSTEM
Network Modeling
Several methods for the forecasting of pavement performance exist.
Stochastic processes such as the Markov method are particularly ideal
for network-level applications when observational data may not be
unavailable (3). However, the Markov method assumes that the future
condition is dependent only on the current condition, rendering it
unable to consider changes in climate and traffic. A semi–Markov
method attempted to mitigate this shortcoming; however, the method
is not universally applicable (4). Statistical theories such as regression
are widely used to characterize deterioration. However, important
variables such as traffic, climate, thickness, and material properties are
neglected in the performance prediction. The same is true of artificial
neural networks, although interest in such networks is increasing.
The approaches mentioned above have traditionally dominated
the pavement design methodologies that owners and agencies use.
Engineers have long recognized that quantifying the mechanical
response to known loadings for various levels of traffic, thicknesses,
climatic conditions, and material properties would provide more
accurate and economical designs over the analysis period. The primary
difference between empirical and M-E models is that “the latter is
calibrated from the understood or assumed engineering relationships
between independent and dependent variables. On the contrary, the
former is solely based on regression analysis” (5). The mechanistic
approach identifies the effects of traffic, environmental factors,
structure, and material properties on pavement performance. In addition, the performance can be characterized for various construction
types (both new and rehabilitated pavements) and traffic levels (6).
In the case of low-volume roads, the contributions of environmental factors to pavement deterioration exceed those due to structural
loading. These effects on pavement performance are aptly addressed
by mechanistic theory during the design process (7 ).
The same benefits that M-E modeling provides to design can also
be provided to the planning process in an NPMS. Yet, mechanistic
theory has not yet found its way into NPMSs, partly because of the
nonhomogeneity of the pavement structure. Variability is introduced
during the production, handling, and placement of materials, invoking a need for probabilistic analysis. Although survivor curves and
stochastic processes may fulfill this need, their shortcomings have
been outlined above. Alternatively, MEPDG can be adapted to provide a comprehensive probabilistic analysis of pavement structures
under various conditions (1). The variabilities in the design inputs
can serve a Monte Carlo simulation for providing a distribution of
predicted distresses (2).

Current Practice
In a survey sent to all U.S. and Canadian highway bureaus, 91% of
the responding agencies indicated that they use empirical prediction
models (2). In a study of the prediction models used in Nordic countries, Saba reports that almost all use simple linear extrapolations of
historic distress data (empirical models) in their PMSs (8). The study

With NDOR as a case study for this research, a detailed background
on relevant NPMS aspects is presented.
Agencies routinely survey the pavement network for distresses
defined by the local PMS manual. Distress classifications vary among
agencies and pavement types; but they typically include cracking,
roughness, rutting and faulting, friction, and other evidence of
anomalies in the components of the mixture, such as flushing and
alkali-silica reaction. A 1996 survey by FHWA identified rutting,
faulting, and cracking as the dominant forms of distresses that are
being collected by the 52 agencies that it polled (9). The local PMS
commonly uses these distress quantities to calculate performance
indices, giving decision makers a quantitative measure of the combined
pavement condition.

NDOR Primary Flexible Distresses
Annual condition assessments rate the primary distresses present in
the local system. The PMS collects information on flexible distresses
in five groups, as identified below:
Group A. Alligator cracking; between-wheelpath cracking; bleeding, flushing, and excess asphalt; centerline cracking; edge cracking;
raveling and weathering; wheelpath cracking;
Group B. Grid and block cracking;
Group C. Transverse cracking;
Group D. Patching; and
Group E. Potholes (failures).
To quantify these distresses, surveyors identify the extent and
severity as defined in the Nebraska Pavement Management Condition
Manual (10). The extent captures the density of the distress answering the question “how much,” whereas the severity rating answers the
question “how bad.” The system assigns a weight for each level of
severity and extent (10). Table 1 shows the severity codes and weights
associated with each distress group.

TABLE 1

NPMS Severity Quantities

Severity

Group A

Group B

Group C

Group D

0.0
0.2
0.8
1
N/A
N/A
N/A

0.0
0.1
0.4
0.8
1.2
N/A
N/A

0.0
0.2
0.4
0.8
1.2
N/A
N/A

0.0
N/A
N/A
N/A
N/A
0.2
1.0

Absent
Low
Medium
High
Extremely high
Good
Poor

NOTE: N/A = conditions that are not applicable.
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Profiler measurements of IRI and rutting are used in lieu of severity and extent. Failures also do not receive a severity rating. Table 2
presents the extent codes and corresponding weights for all distresses
(Groups A to E).

NDOR Performance Indices
The visual distress surveys are typically combined into an index to provide an overall measure of performance. The NDOR needs assessment
uses four performance indicators and ranges (from best to worst):

followed by determination of thermal cracking, combined distresses,
and rutting. The index calculated for each distress type is compared with that calculated for the previous type. The minimum
between these two values is multiplied by the maximum raised to
the 1⁄10 power. The remaining utility indices are calculated in the
same manner. A condensed method for the calculation of NSI is
presented as follows:
NSI = 100  min (U rut , U struct )  [ max (U rut , U struct )]

0.10

(1)

where
1.
2.
3.
4.

Nebraska serviceability index (NSI) (100 to 0),
Present serviceability index (PSI) (4.5 to 0),
Cracking index (CI) (0 to 100), and
Rut depth.

These performance indicators quantify only the surface condition.
PSI and rut depth provide information on the functional distresses,
whereas CI gives insight into surface cracking. NSI quantifies all
surface distresses into a single index and serves as the primary
performance indicator for reporting of the condition of a network.

Nebraska Serviceability Index
NSI is a function of four distress types:
1. Cracking (nontransverse):
– Longitudinal,
– Edge cracking,
– Centerline cracking,
– Wheelpath cracking,
– Between-wheelpath cracking,
– Alligator or fatigue cracking, and
– Failures and potholes.
2. Thermal cracking (transverse).
3. Combined distresses:
– Block cracking,
– Reflective cracking,
– Raveling and weathering,
– Bleeding and excess asphalt, and
– Patching.
4. Rutting.
The index uses a scale from 0 to 100, with 100 representing new
condition. Exponential functions are used to calculate a utility
index for each distress type (10, 11). Calculations are performed
consecutively. The utility index for cracking is determined first,

⎡ ⎛ rut ⎞ J ⎤
−⎢H ⎜ ⎟ ⎥

⎣ ⎝ J ⎠ ⎦
,
Urut = e
Ustruct = Ucombo{min(Ucrack, Utherm)[max(Ucrack,
Utherm)]0.10},
Ucombo = e−[G*combo],

Utherm = e

⎡ ⎛ therm ⎞ F ⎤
− ⎢ D ⎜⎝
⎟ ⎥
⎣
E ⎠ ⎦

,

⎡ ⎛ crack ⎞ C ⎤
− ⎢ A⎜⎝
⎟ ⎥
⎣
B ⎠ ⎦

,
Ucrack = e
combo = RBCBC + RTCTC + RRVRV + REAEA
+ RPAPA,
therm = RBCBC + RTCTC,
crack = C1[REGEG + RCLCL + RBWBW +
RWPWP] + C2[RALAL] + C3[RFLFL],
EG = edge cracking (severity  extent),
WP = wheelpath cracking (severity 
extent),
CL = centerline cracking (severity 
extent),
BW = between-wheelpath cracking
(severity  extent),
AL = alligator cracking (severity 
extent),
FL = failures (severity  extent),
TC = transverse cracking (severity 
extent),
BC = block cracking (severity  extent),
RV = raveling (severity  extent),
EA = excess asphalt (severity  extent),
PA = patching (severity  extent),
rut = rut depth (mm or in.),
A, B, C, D, E, F, G, H, I, J = coefficients,
RBC, RTC, RRV, REA, RPA, REG,
RCL, RBW, RWP, RAL, RFL = coefficients, and
C1, C2, and C3 = coefficients.

Cracking Index
TABLE 2 NPMS
Extent Quantities
Extent
Absent
Tolerable
Occasional
Frequent
Extensive
Complete

Weight
0.0
0.1
0.3
0.5
0.7
0.9

A condensed model for the calculation of CI is presented as follows:
Cl = 100  [ F1 + F2 + F3 + C4 (1 − U therm )]

(2)

where
F1
F2
F3
C4

=
=
=
=

C3(RFLFL)
C2(RALAL)(1 − F1)
C1(REGEG + RCLCL + RBWBW + RWPWP)(1 − F1 − F2), and
coefficient.
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Present Serviceability Index

TABLE 3

NDOR considers PSI to be a function of smoothness (IRI), rutting, and
transverse cracking for flexible pavements. The following equation
is used to calculate PSI:

Strategy

Code

Description

Maintenance Level 1

ML1AC

Maintenance Level 2

ML2AC

Maintenance Level 3

ML3AC

Resurface
Reconstruction

RS2AC
RCAC

Crack sealing, fog sealing, skin
patching
Micro-surfacing, slurry seals, armor
coats, chip seal, scrub seal, machine
patch
Mill and overlay, thin overlay, mill
and armor coat
Resurfacing
Total reconstruction

PSI = C1e(C2 IRI

C5
−C

4 rut

2

)

× eC5trans

(3)

where
C1, C2, C3, C4, C5
IRI
rut
trans

=
=
=
=

coefficients,
international roughness index (m/km),
rut depth (mm), and
transverse cracking (severity  extent).

NDOR Needs Assessment
The needs assessment’s role is to quantify the needs for the maintenance of a healthy, economical, and safe highway system (12).
It begins with an analysis of the PMS database over a set analysis
period, which is typically 5 to 20 years. Prediction models simulate deterioration throughout the analysis period. Sections are then
systematically assigned to a defined maintenance and rehabilitation
(M&R) strategy by the use of established trigger values for each
index. The analysis results in a benefit–cost ratio for each pavement
section meeting the defined criteria. Further analyses are then used to
select the final list of candidates for the program. Modern methods of
network optimization are more widely used (13). Figure 1 shows the

FIGURE 1

NDOR Asphalt Pavement Strategies

NPMS decision tree for flexible and composite pavements. Pavement
sections at least 3 years removed from the most recent activity enter
the decision tree. To demonstrate the decision tree’s functionality,
consider a flexible pavement section with an NSI of 85, a PSI of
4.0, a cracking index of 5, and a rut depth of 3 mm. Figure 1 indicates Maintenance Level 1 (ML1) as the appropriate strategy, which
is defined in Tables 3 and 4 (12).

REVIEW OF EXISTING NPMS MODELS
The Nebraska NPMS assumes that deterioration of the four primary
performance indicators is linear, as shown in Table 5. Development of
the conceptual basis of this research requires the evaluation of these

NPMS decision tree for flexible composite pavements (12) (TADT  average daily truck traffic).
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TABLE 4

NDOR Asphalt Pavement Strategy Assumptions

Strategy

Cost
($/mi)

ML1
ML2
ML3
RS
RC

5,000
15,000
120,000
285,000
705,000

TABLE 5

Explained Model Variation

Improvement (Δ)

Service
Life
(years)
4
6
8
15
20

NSI

PSI

CI

Rutting

+1.5
+3.0
96.0
100.0
100.0

Linear Model,
x = Pavement Age,
Years

N/A
+0.1
3.5
4.5
4.5

N/A
Crack/2
0.0
0.0
0.0

N/A
Rut/2
0.0
0.0
0.0

NSI = 100 − 2.5x
PSI = 4.5 − 0.1x
CI = 3.0x
Rut = 0.0787x

Amount of Variation
Explained by Model,
R2 (%)

Amount of Variation
Explained by Engineering
Judgment and Experience,
100 − R2 (%)

32
14
24
15

68
86
76
85

NOTE: N/A = not applicable.

3. Use the MEPDG output to calculate NDOR indices. This step
is essential for maintaining continuity in the local system. Because
the calibrated MEPDG distress outputs cannot be directly passed
to the decision tree, local performance indices must be calculated
from the MEPDG output. This was completed in a recent study (2).
4. Validate the new system of models by comparing the needs
estimated with the MEPDG models with those estimated with NDOR
models.

models. Although linear models may give tolerable approximations for
short analysis periods, the literature review reveals that in most cases
empirical models cannot provide reasonable long-term performance
estimates. To assess the accuracy of the existing linear models, field
performance was extracted from the NPMS database. When the measured performance was compared with that forecasted by the linear
model, the results showed very poor agreement. The PSI and rutting
models each showed R2 values of less than 0.15, whereas CI and NSI
show very high standard errors. High scatter, low R2 values, and high
standard errors indicate that the current linear models produce unreasonable performance estimates even for short analysis periods for nonInterstate HMA sections. Intuitively, longer analysis periods will yield
unacceptable predictions of a higher magnitude.
By definition, R2 is the amount of variation that can be explained by
the model. The remaining variation is assumed to be explained by engineering judgment and experience. By following this premise, Table 6
shows the amount of variation that the model can explain compared
with that explained by engineering judgment and experience.
To reduce the unexplained variation, this research implements
M-E models that demonstrate accuracy for any analysis period
within the validation scope. Doing so will benefit both planning and
budgeting efforts.

MEPDG MODEL CALIBRATION
Local calibration is an imperative prerequisite before MEPDG models can be used locally. Research has shown that factorial-like focus
calibrations are more effective in reducing prediction error than calibration from a single data set (14). Subsets of the data were grouped
by mixture type (six levels) and subgrade support (three levels). The
analysis resulted in a total of 18 pavement families for each performance indicator. As mentioned above, the NDOR decision tree uses
rutting, NSI, PSI, and CI. Among these performance indicators, adequate data with the appropriate units could support only a Level 3
calibration of the rutting and IRI models. The optimized coefficients
for the rutting and IRI models are presented in Tables 6 and 7 (2).
The calibrated model fit for total rutting is shown in Figure 2. The
Nebraska NPMS rutting model showed an R2 value of 15% and a
standard error of estimates (SEE) of 0.07 in., whereas the calibrated
MEPDG model provided a significant improvement to an R2 value
of 55%. Modest reductions in error were observed. The final IRI
model fit is shown in Figure 3.

IMPLEMENTATION STEPS
The objective of this research is to replace the existing empirical
models with those used in MEPDG for performance prediction in an
NPMS. The following steps are used to complete this objective:

CALCULATION OF NDOR INDICES
BY USE OF MEPDG OUTPUT

1. Collect the data required (within the research scope) for calibration of the MEPDG models used by the needs assessment. This
was completed in a recent study (2).
2. Calibrate and validate the required MEPDG models to nonInterstate Superpave® sections in Nebraska. This was completed in
a recent study (2).

TABLE 6

The NDOR decision tree requires the use of the four previously mentioned performance indicators to complete the analysis. Among those
indicators, rut depth is the only one that can be used directly. The

Level 3 Rutting Calibration Coefficients for Nebraska Superpave Sections

βr1

βs1 (granular)

βs1 (fine-grained)

Mr

SP1

SP2

SP3

SP4

SP5

SP6

SP1

SP2

SP3

SP4

SP5

SP6

SP1

SP2

SP3

SP4

SP5

SP6

L
M
H

−1.0
−1.0
1.0

2.5
2.5
1.0

−1.0
−1.0
2.5

1.0
1.0
2.5

−1.0
−1.0
−1.0

1.0
1.0
1.0

0.6
0.6
0.4

0.4
0.4
1.2

0.4
0.1
1.4

0.1
0.4
0.6

1.4
1.4
1.4

0.1
0.1
0.1

1.0
1.0
1.0

0.1
0.1
0.1

1.2
1.2
0.6

0.8
0.4
0.4

0.6
0.6
0.6

0.1
0.1
0.1

NOTE: βr2 = 0.8 and βr3 = 0.9. βr1 = MEPDG asphalt concrete rutting model r1 coefficient (1); βs1 = MEPDG subgrade rutting model s1 coefficient (1); Mr = resilient modulus level [for three levels of low (L),medium (M), and high (H)]; SP = Superpave mixture type (SP1 to SP6 = Superpave Level 1 to Level 6 mixtures, respectively).
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Level 3 IRI Calibration Coefficients for Nebraska Superpave Sections

C1

C4

Mr

SP1

SP2

SP3

SP4

SP5

SP6

L
M
H

39
39
41

41
41
41

41
41
41

39
39
41

39
39
39

39
39
39

SP1

SP2

SP3

SP4

SP5

SP6

0.015
0.015
0.050

0.050
0.050
0.050

0.050
0.050
0.050

−0.100
−0.100
0.050

0.015
0.015
0.015

0.050
0.050
0.050

NOTE: C1 to C4 = MEPDG flexible IRI model coefficients (1); C2 = 0.4 and C3 = 0.008; Mr = resilient modulus level [for three levels
of low (L), medium (M), and high (H)]; SP = Superpave mixture type (SP1 to SP6 = Superpave Level 1 to Level 6 mixtures, respectively).

remaining indices (NSI, CI, and PSI) were calculated with the calibrated MEPDG output (2). Coefficients that help define the index’s
function were fit to achieve maximum agreement between the indices
occupying the MEPDG output and those calculated from field surveys. The results are shown in Figures 4 through 6 (2). Notice the
overall improvement in accuracy that the M-E models provided.
By comparison of the M-E NSI model with the current NDOR
model shown in Figure 4, the M-E model yields an SEE of 2.3 points,
whereas the NDOR model yields an SEE of 3.8 points. The R2 value
doubled from 32% for the NDOR model to 64% for the M-E model.
The calibrated M-E CI model showed a significant improvement
over the NDOR model. Figure 5 shows the predicted versus the measured CI plots for both the M-E and the NDOR models. The NDOR
model appears to overpredict CI, evident in the SEE of 6.54 points and
a low R2 value. The M-E model reduced the SEE by 88%, whereas the
R2 value was improved to 71%.
Figure 6 shows the IRI model fit. The values of both SEE and R2
obtained with the M-E model were improved over those achieved
with the NDOR model at 0.42 and 64%, respectively.

LIMITATIONS
The scope of this research is limited to non-Interstate Superpave
sections. Although Level 1 traffic data were available during the calibration, only Level 3 material inputs could be accommodated by the
NDOR quality assurance–quality control and PMS databases. Cracking models could not be readily calibrated by use of the NPMS cracking data. All variability from the MEPDG cracking predictions was

addressed in the NSI, CI, and PSI models. As model error was reduced
for the fatigue, longitudinal, and thermal cracking models, the models for NSI, CI, and PSI will have increased accuracy. Adjusted algorithms for the calculation of NSI do not consider raveling, weathering,
bleeding, or potholes. In addition, pavement sections were available
only up to a maximum age of 7 years. Recalibration of all models is
needed as more data become available.

VALIDATION OF PROPOSED SYSTEM
Needs Assessment
To validate the proposed system, the NDOR PMS database provided
field data for 86 non-Interstate Superpave sections collected over a
5-year period. The sections were used to conduct a retroactive 5-year
needs assessment. The needs were estimated by use of the NDOR
decision tree with the following input:
• Performance indicators from 5 years of actual field data,
• Performance indicators estimated over a 5-year period by use
of the NDOR models, and
• Performance indicators estimated over a 5-year period by use
of the MEPDG models.
The 5-year life-cycle cost of M&R activities required by the NDOR
decision tree was calculated by using a discount rate of 4%. The net
present value was then averaged over the 86 sections to determine
the average 5-year life-cycle cost.

0.50

Predicted Rutting, in.

0.45
0.40
0.35

NDOR Default
R2 = 0.15
SEE = 0.07 in.
N = 398
MEPDG Calibrated
R2 = 0.55
SEE = 0.04 in.
N = 398

0.30
0.25
0.20
0.15
0.10
0.05
0.00
0.00

0.10

0.20
0.30
0.40
Measured Rutting, in.

0.50

FIGURE 2 Comparison of current NPMS and calibrated MEPDG rutting
predictions (2).
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120

Predicted IRI, in./mi

100

Predicted Cracking Index

R2 = 0.58
SEE = 10.0 in./mi
N
= 398

80
60
40
20
0
0

20

40

60

80

100

20
18
16
14
12
10
8
6
4
2
0

Empirical
SEE = 6.54
R2 = 0.24
M-E
SEE = 0.75
R2 = 0.71
0

120

Measured IRI, in./mi
FIGURE 3

Predicted IRI versus measured IRI for calibrated model (2).

The results are provided in Figure 7. Field performance data suggest estimated needs of $4,000 per section mile, whereas the current
NDOR models forecast needs of $13,000 per section mile, an overestimation of 223%. The needs estimated by the MEPDG models
were $8,000 per section mile, half the error of the NDOR models.
When a reliability concept was implemented with Monte Carlo simulations, the needs were also estimated at several levels of reliability
(2). An 85% level of reliability results in needs of $6,860 per section
mile, which is much closer to the estimate obtained with actual field
data. The counterintuitive results in Figure 7 are explained by the earlier triggering of M&R activities as the level of reliability increases.
This results in lower estimated costs, which follows the preventative
maintenance concept. Higher levels of reliability eventually trigger
more expensive rehabilitation strategies, causing the cost estimates
to increase again.
The 5-year needs assessment for the 86 available sections indicates
that the proposed models provide reasonable results with improved
accuracy over that achieved with the models used in the current
NDOR needs assessments. The results show that empirical NDOR
predictions need to be replaced with M-E models before forecasted
needs can accurately reflect the needs obtained from field data. To
determine the true accuracy of a decision tree’s ability to forecast
needs, M&R cost records should be compared with the forecasted
needs estimated with the NDOR decision tree. A thorough analysis
would assess the sensitivity of trigger values and recommend changes

FIGURE 5
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as needed. As more data are collected over time, further validation can
be provided for longer analysis periods.

Remaining Service Life
Remaining service life was used to further compare the M-E models
with the existing linear models. NDOR uses NSI as the primary indicator for the determination of service life. Figure 8 shows the average
calculated service lives for all families of models. A threshold value of
70 was used in the calculation. Because of conservative deterioration
rates, the NDOR model yields an average service life of 10 years,
whereas the M-E model gives a 20-year service life. By defining a 90%
level of reliability, the MEPDG provides a 13-year average service life.
The lower expected service life indicated by NDOR translates to the
estimation of higher M&R costs by the NDOR decision tree.

CONCLUSIONS
A major contribution that uses a new concept for the prediction of
pavement performance in network-level pavement management
is introduced. These new concepts have a distinct advantage in
prediction accuracy. Compared with the current NDOR models, the
SEE were reduced by 94%, 89%, 43%, and 5% for NSI, CI, rutting,
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and PSI, respectively. In addition, the new models increased the R2
values by 100%, 196%, 267%, and 429% for NSI, CI, rutting, and
PSI, respectively. Such an improvement in accuracy would benefit
the planning efforts of any state agency.
Not only have the MEPDG models presented in this research provided improved prediction accuracy compared with that achieved
with their current empirical counterparts, but also they are derived
from fundamental engineering properties and mechanistic theory.
To validate the proposed system, separate 86 non-Interstate Superpave
sections were analyzed with the NDOR decision tree over a 5-year
needs assessment. With the existing empirical models, the decision
tree indicated that 85 of the 86 sections would have been candidates
for entry into the program in the first 5 years, whereas the field surveys suggested that only 23 should have been targeted. Meanwhile,
MEPDG models estimated that 35 of 86 sections would have qualified
for entry into the 5-year program, a 70% improvement in accuracy in
the forecasted cost.
Advancement of the state of the practice from empirical prediction
to mechanistic prediction provides agencies with a rational prediction
method that can improve the accuracy of long-term planning efforts.
Doing so will allow states to allocate needs more effectively. The benefits of implementing these findings are applicable not only to NDOR
but also to other typical NPMSs.

FIGURE 8 Comparison of average service life
(NSI threshold  70) (2).
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